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One of the main difﬁculties that ﬂood forecasters are faced with is evaluating how errors and uncertain-
ties in forecasted precipitation propagate into streamﬂow forecast. These errors, must be combined with
the effects of different initial soil moisture conditions that generally have a signiﬁcant impact on the ﬁnal
results of a ﬂood forecast. This is further complicated by the fact that a probabilistic approach is needed,
especially when small and medium size basins are considered (the variability of the streamﬂow scenarios
is in fact strongly inﬂuenced by the aforementioned factors). Moreover, the ensemble size is a degree of
freedom when a precipitation downscaling algorithm is part of the forecast chain. In fact, a change of
ensemble size could lead to different ﬁnal results once the other inputs and parameters are ﬁxed. In this
work, a series of synthetic experiments have been designed and implemented to test an operational
probabilistic ﬂood forecast system in order to augment the knowledge of how streamﬂow forecasts
can be affected by errors and uncertainties associated with the three aforementioned elements:
forecasted rainfall, soil moisture initial conditions, and ensemble size.
 2014 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/3.0/).1. Introduction
A reliable operational ﬂood forecasting system is important if
streamﬂow, possible ﬂooding and its effects are to be predicted
with sufﬁcient lead time to allow for appropriate actions. This is
a particularly challenging task in the case of small to medium sized
basins with drainage areas of order of magnitude from 10 to
10,000 km2 or less (Siccardi et al., 2005). In this context, two main
issues arise: (i) the need to base the ﬂood prediction system on
rainfall forecast (because of the fast response time of these catch-
ments), and (ii) the need to follow a probabilistic approach
(because of the inconsistencies between meteorological modeling
and hydrologic response, Ferraris et al., 2002).
Such forecasting systems, as a basic option, use an atmospheric
model and a hydrological prediction system. When dealing with
small catchments however, a downscaling module is necessary to
account for uncertainties and inconsistencies in the rainfall pre-
dicted by meteorological models (Mascaro et al., 2010; Siccardi
et al., 2005).Each component of the system is affected by uncertainty and
these uncertainties propagate and amplify from the beginning of
the chain (the atmospheric models) to the discharge or its transfor-
mation into river level and eventually the corresponding ﬂood
scenarios.
Many works have been devoted to dealing with errors
and uncertainties related to: (i) precipitation estimation (e.g.
Germann et al., 2009), (ii) hydrological model parameterization
(e.g. Carpenter and Georgakakos, 2006; Vrugt et al., 2006), (iii) soil
moisture initial conditions (e.g. Brocca et al., 2011; Tramblay et al.,
2012), and (iv) forecasted rainfall (e.g. Siccardi et al., 2005). Zappa
et al. (2011) analyzed the superposition of different sources of
uncertainties. Mascaro et al. (2010) analyzed how ensemble pre-
cipitation errors affect streamﬂow simulations using a multifractal
rainfall downscaling model coupled with a distributed hydrologi-
cal model. However, most of these works analyzed a particular
source of uncertainty, with no reference to the multi-catchment
approach or to the inﬂuence of sample size on the results of prob-
abilistic chains. In addition, the errors related to the quantitative
use of expert precipitation forecasts were never discussed.
In this work, a probabilistic chain used operationally for ﬂood
forecasts on small and medium-sized basins in Liguria, Italy is con-
sidered (Silvestro et al., 2011, 2012) and several synthetic experi-
mental suites have been designed and implemented in order to
provide answers to practical and operational questions. That is,
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results of the ﬂood forecasting chain and how these effects change
and combine with the soil moisture initial conditions. Further,
since we considered a probabilistic system, an analysis of the
effects related to the ensemble size is also done.
For simplicity, the uncertainties related to the hydrological
model parameters (Beven and Binley, 1992; Liu et al., 2005;
Zappa et al., 2011) have been neglected. These parameters can
have considerable effects on ﬂood simulations, but they are gener-
ally negligible with respect to those related to the rainfall forecasts
and initial wetting conditions (Mascaro et al., 2010; Zappa et al.,
2011) especially when dealing with small basins. In small basins,
errors on precipitation localization or bad estimation of rainfall
amounts at small spatial–temporal scales can lead to huge errors
in ﬂood forecasts. Moreover, in the case presented in this paper,
the considered hydrological model is quite consolidated in the test
region and the suitability of the operational parameters set is con-
stantly veriﬁed comparing simulations with the streamﬂow
observations.
There are three main peculiarities of the ﬂood forecast chain
under consideration: (i) the forecasted precipitation is quantita-
tively predicted by an expert forecaster and not by a Numerical
Weather Prediction System (NPWS), (ii) the expert forecast is
downscaled in order to properly account for the uncertainties on
small catchments, and (iii) the forecast is carried out following
two different approaches depending on the dimension of the
basins: single-site and multi-catchment (Siccardi et al., 2005).
The forecasted rainfall is stochastically downscaled with an
algorithm based on Rebora et al. (2006) in order to generate an
ensemble of rainfall ﬁelds of ﬁne spatial–temporal scales [1 km -
0.5 h]. As a consequence, we seek to investigate the following
issues: (a) how errors in the precipitation forecast affect the rain-
fall ensemble (b) how these errors propagate into the streamﬂow
ensemble and ﬁnally, (c) how these errors are ampliﬁed or reduced
by the different soil moisture initial conditions.
The manuscript is organized as follows: Section 2 describes the
context and the ﬂood forecasting chain, Section 3 shows the design
of the experiments while in Section 4 the results are reported, and
ﬁnally the paper concludes in Section 5 with the discussion and
conclusions.
2. Case study
2.1. The expert quantitative precipitation forecast (EQPF)
As described in Silvestro et al. (2011) the precipitation forecast
for the Liguria Region is provided by a number of Numerical
Weather Prediction Models (NWPM) and interpreted by expert
meteorologists (see Table 1). The Liguria Region, Italy is divided
into ﬁve alert sub-regions that are considered homogenous from
the hydrological response point of view, and also from their
meteo-climatic characteristics (Fig. 1). Each alert sub-region has
an area of the order of 103 km2 and contains a number (around
20) of modeled small sized basins (O(Area) 10-102 km2) on a com-
plex topography with steep valleys and concentration times rang-
ing from 1 to 6 h. Few basins in this Region have larger areas and
concentration times (O(Area) 102-103 km2). A high percentage ofTable 1
NWPM used by the meteorologists of HMFC to carry out the expert quantitative
precipitation forecast.
Model Name Spatial resolution (km) Type
ECMWF 30 Global scale
COSMO-LAMI 7 Mesoscale
BOLAM 10 Mesoscale
MOLOCH 2 Regional scalethe territory is covered by forests or by lawns with shrubs (about
70%) and the main urban areas and towns are established along
the coast, often at the mouth of creeks and rivers.
The experts of the Hydro-Meteorological Functional Centre of
Liguria Region (HMFC) merge the output of the different meteoro-
logical models (the so called ‘‘poor man ensemble’’ e.g. Arribas
et al., 2005) with their own experience and provide quantitative
precipitation forecasts for the alert sub-regions over predeﬁned
time windows. For each alert sub-region, a different quantitative
precipitation forecast is made.
We brieﬂy report how the rainfall forecasts are speciﬁcally
made and used operationally for feeding the ﬂood forecast chain
(for further details see Silvestro et al., 2011).
Basically, three quantities are provided for a given rainfall
event:
1. The maximum average precipitation in a time window of
12 h for each homogeneous sub-region (named P12). In
order to deﬁne this quantity, a certain number of meteoro-
logical models (Table 1) are analyzed in order to identify
the 12 h time window when the maximum precipitation
amount is expected. The starting time of the time window
is identiﬁed as t12. The 12 h window is chosen since it is the
typical length of an extreme rainfall event in the area.
2. Once the P12 is deﬁned, the meteorologist estimates the
rainfall amount (Pb) that is expected between the reference
starting time of the forecast (t0) and the start of the 12 h
window (t12) associated with the maximum volume. The
time window where Pb is estimated is then sb = t12  t0.
This is done for each sub-region. The reference start time
(t0) is the time at which the meteorologist starts his fore-
cast and this is usually 00:00 h on the day he makes the
prediction.
3. The third parameter is the maximum precipitation amount
forecasted in a time window of 3 h and on areas of approx-
imately 102 km2 (named P3), that is, on boxes of
10  10 km2. This number gives an idea of the local inten-
sity of the forecasted event; high values mean possibly crit-
ical situations for basins with areas in the range of 101–
102 km2. It also indicates how much the precipitation vol-
ume, deﬁned by P12, tends to be concentrated in localized
areas. Generally, a P3 value is given for each sub-region,
but it can also be estimated as a single P3 value for the
entire regional territory. Meteorologists are conﬁdent to
issue quantitative precipitation forecast up to spatial–tem-
poral scale of 102 km2 – 3 h, which is coherent with the
scale of dimension and time of concentration of most of
the modeled basins.
Given that P12 and P3 are estimated on different reference areas,
the value of P3 can be larger than P12. In fact, the condition that
must be veriﬁed is on the total volumes:
P3  A3  P12  A12 ð1Þ
where A3 is the 102 km2 box and A12 the area of the homogeneous
region.
An automatic software calculates the P3 and P12 values for
each model of Table 1 and merges them but the forecasters
can decide to modify these values based on their conﬁdence with
the used NWPM and their subjective assessment of the occurring
event.
2.2. The ﬂood forecasting chain operational at the HMFC (FFC)
The EQPF is used as the input for the operational probabilistic
hydro-meteorological forecasting chain (Siccardi et al., 2005;
Fig. 1. The Liguria Region, Italy is divided into ﬁve alert sub-regions as shown. The main basins are shown with white outlines.
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chain (Fig. 2) are the downscaling module RainFARM (Rebora et al.,
2006) adapted for such an input, and the hydrological model, DRiFt
(Giannoni et al., 2000, 2003; Gabellani et al., 2008).
DRiFt is an event scale semi-distributed model; the model is
focused on the efﬁcient description of the drainage system in its
essential parts: hillslopes and channel networks. These are
addressed by using two kinematic scales which determine the
basis for the geomorphologic response of the basin. The propaga-
tion of water driven by gravity in the top soil layer is described
and in this way an auto initialization of the model is reproduced
between events. The schematization is valid and applicable when
the simulation period is not too long and the evapotranspiration
does not become crucial in the mass balance equation.
The basin is discretized into cells based on a Digital Elevation
Model and two kinematic parameters, the channel ﬂow velocityFig. 2. Scheme of a generic probabilistic ﬂood forecast chain based on a downscalinand the hillslope ﬂow velocity, are set for cells classiﬁed as channel
and hillslope respectively; these two parameters together with the
ﬂow paths deﬁne the routing time for each cell. The runoff esti-
mated at the cell scale is routed to the outlet section without
accounting for the storage in the channels and re-inﬁltration. The
implemented inﬁltration scheme (Gabellani et al., 2008) models
the soil moisture as the ratio between the actual and the maximum
soil storage capacity of a given cell. The soil moisture initial condi-
tions (SM) are estimated using an Antecedent Precipitation Index
(API) methodology based on the precipitation that occurred in
the month that precedes the event. The API is related to the initial
soil moisture that assumes values in the range (0, 1) in the model.
The model is widely applied in the considered area, given its use
for ﬂood forecasting. The parameters are generally calibrated with
the aim of reproducing the time-to-peak and the peak of stream-
ﬂow values.g system and an hydrological model fed with observed and forecasted rainfall.
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high-resolution precipitation ﬁelds by preserving the information
at the large scale derived from a quantitative precipitation predic-
tion. In this particular conﬁguration, it is designed to preserve the
values of P12 and P3 (see previous sections) on each sub-region. The
model parameters (a: spatial spectral slope; b: temporal spectral
slope) are related to P12 and P3 using the approach followed by
Silvestro et al. (2011) which deﬁned a look-up table that returns
a parameter set for each couple of possible values of P12 and P3,
As a consequence, RainFARM is capable of generating an ensem-
ble of size Ne (with Ne of order of magnitude 100–500 members) of
small scale (e.g. spatial resolution: 1 km, temporal resolution: 0.5 h)
precipitation ﬁelds of 12 h duration that are consistent with radar
observations of mid-latitude precipitation events (Rebora et al.,
2006). Generally, as the ratio between P3 and P12 increases,
RainFARM tends to concentrate the precipitation on small spatial–
temporal scales accentuating the convective characteristic of the
event. Each of the Ne downscaled precipitation ﬁelds is then used
as the input for the hydrological model, down to scales of 1 km2,
in order to generate an ensemble (with size Ne) of streamﬂow sce-
narios on each catchment. The results are post-processed producing
ﬂoodpredictions following twodifferent approaches: the single-site
and the multi-catchment, as described by Siccardi et al. (2005).
The two approaches are differentiated based on the deﬁnition of
two pairs of quantities: (i) the meteorological reliable spatial–tem-
poral scales (lmet, tmet), which are the scales at which a reliable
quantitative precipitation forecast is expected, and (ii) the scales
of the hydrological processes (lhydro, thydro) that depend on the
dimension and characteristics of the affected basins. Operationally,
in the case of the Liguria Region’s forecasting chain, the domain of
lmet is assumed to be the size of the alert sub-region that has an
area of the order of 103 km2 while tmet = 12 h. Following Siccardi
et al. (2005), the single site approach can be adopted when O(lmet/
lhydro) < 102 while, when O(lmet/lhydro)P 102 the multi-catchment
approach must be adopted.
In the studied FFC, the single site approach is operationally
applied to all the modeled basins, but is mainly useful for those
basins that have an area larger than 200–300 km2 since lmet  103
(Silvestro et al., 2011). In this case, the probability that a certain ﬂow
threshold (or the ﬂow with a given return period, T) could be
exceeded is directly evaluated for the single basin. For smaller basins
themulti-catchment approach is applied. The forecasting procedure
does not allow for any discrimination between different spatial
localizations within the domain of lmet. We thus cannot consider
every single basin as an independent entity, butwe consider together
all the basins belonging to the same area represented by lmet.
For each alert sub-region a different forecast is produced in
terms of a probability curve. The procedure evaluates the probabil-
ity that, in at least one basin belonging to that speciﬁc alert sub-
region, the ﬂow with a given return period T will be exceeded.
The procedure does not specify which basin will experience the
particular ﬂow, due to the uncertainty associated with the meteo-
rological forecast. This procedure represents a possible solution in
the case of ﬂood forecasts for small (O(A) < 100 km2) basins.
3. Design of experiments
3.1. Experiment 1: Combined effects of errors in P12 and SM
The ﬁrst experiment has three objectives: (i) to investigate the
effects of the SM conditions on the streamﬂow forecast ensemble
for events of varying severity; (ii) to investigate how errors in
the precipitation forecast (i.e. P12) propagates into the streamﬂow
forecast ensemble; (iii) the combined effects of points i and ii.
The distribution of the error on P12 is unknown so we consid-
ered it uniformly distributed similarly to what was done byCarpenter and Georgakakos (2006) for modeling parameters’
uncertainty. Error on P12 is due to several reasons, but mainly
related to the errors on the Quantitative Precipitation Forecast
(QPF) of NWPS and to the errors made by the meteorologists in
interpreting the different NWPS.
In this ﬁrst experiment, P3 is not considered as a variable and a
set of typical values of the two RainFARM parameters is assumed
(a = 1.7; b = 1.2).
The steps of the experiment are as follows:
1. The values of the RainFARM parameters are ﬁxed using typ-
ical values (Rebora et al., 2006).
2. A series of realistic values of P12 have been considered
(from 20 to 150 mm). The range was deﬁned based on
the experience of the forecasters and on P12 values which
were observed during the most severe past events.
3. Three typical SM have been considered (dry SM = 0.2; nor-
mal SM = 0.5; wet SM = 0.7). As shown in Section 2, DRiFt
representation of soil humidity ranges from 0 to 1 and from
the cold to the hot season almost the entire range is expe-
rienced; we thus used the aforementioned values as repre-
sentative of the possible soil moisture initial conditions
(dry, normal, wet soil).
4. The reference ﬂood forecasts (benchmark, also called per-
fect forecast) were built by using for each P12 value and
each SM value a relatively large ensemble size (Ne = 400),
so that Ne has negligible inﬂuence on the results. In prac-
tice, the perfect forecast is done assuming that the rainfall
input P12 is the true value that is forecasted without errors.
5. Ner percentage errors (positive and negative) have been
associated with the P12 values aiming to reproduce possible
estimation errors in an operational context, and the ﬂood
forecasts were then generated. Errors from 5% to 30% have
been considered. For example, Err + 5% means that a value
of P12 + 0.05 * P12 is used as input for the forecast.
Finally, for each pair of P12 and SM, Ner + 1 ﬂood forecasts made
by Ne streamﬂow scenarios for each modeled section are available
for analysis and post-processing.
In practice P12 and SM have been varied in order to simulate a
set of possible precipitation forecasts and soil moisture initial con-
ditions, then a set of percentage errors have been applied to P12 in
order to simulate the uncertainty of the precipitation forecast.
3.2. Experiment 2: Combined effects of errors in P12, P3, SM
The second experiment has the objective of evaluating the rel-
ative effect of P12 and P3 for the different SM under consideration.
The steps of the experiment are as follows:
1. Three values of P12 were considered based on experience,
as representative of small, medium and large volumes of
rainfall typical of the considered environment (P12 = 20,
50, 100 mm).
2. A set of realistic P3 values based on historical events were
identiﬁed (from 10 to 100 mm).
3. Three typical SM were considered (dry SM = 0.2; normal
SM = 0.5; wet SM = 0.7).
4. The values of P12, P3 and SM were combined in order to run
the FFC and produce the ﬂood forecasts with Ne = 400.
This experiment simulates the effects of possible errors and
inaccuracies made by the forecaster in predicting P3 values. The
errors in predicting P3 are potentially large because the temporal
and spatial scales are ﬁner with respect to P12. For this reason,
we combined each P12 value with all the considered P3 values
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quantities P12, P3 and SM have been varied producing a set of pos-
sible forecasts that differ in terms of volume of precipitation and
type of rainfall event, the ratio P3/ P12 determines if the rainfall
tends to be uniformly distributed in space and time or if it tends
to be concentrated on small spatial–temporal scales.
For each combination of P12, P3 and SM a ﬂood forecast made by
Ne streamﬂow scenarios for each modeled section is available for
analysis and post-processing.
3.3. Experiment 3: Uncertainty related to the ensemble size
The third experiment has the objective of evaluating the impact
of the ensemble size, Ne on the ﬁnal results of the forecast. It is in
fact, evidently impossible to represent all the possible occurrences
with RainFARM as with a generic downscaling system in a real-
time application. In experiment 1 and 2 we assumed a very high
Ne value in order to avoid its impact on the results, in experiment
3 we try to answer to the following question: what is a reasonable
value of Ne such that repeating the same forecast two or more
times the results have negligible differences?
The answer is that, generally, this number varies for different
values of precipitation input and for different soil moisture initial
conditions. In this experiment, we consider critical conditions for
carrying out the analysis. The results of Experiment 2, as will be
shown in Section 4.2, provide evidence that very high values of
P12 would not be the right choice since it is unlikely to have corre-
spondingly high values of the ratio P3/ P12; on the other hand, too
small values would not result in particularly severe events and
they are not physically compatible with very high values of P3.
Based on these considerations values for P12 and P3 were chosen
in order to have a signiﬁcant total volume of precipitation and a
high variability of the peak ﬂows.
After ﬁxing the values of P12 and P3, the ensemble size Ne was
varied (Ne = 5, 10, 15, . . .,250), and for each value of Ne a number
M of forecasts (realizations of the forecast) were generated, with
M being considerably large (M = 100). Once we ﬁxed the values
of P12, P3, SM and ensemble size Ne we thus have M possible real-
izations of the ﬂood forecast which should be statistically equiva-
lent, in operational applications this condition could be not
satisﬁed since Ne is ﬁnite.
Considering the peak ﬂows of a generic basin, it is possible to
calculate the following quantities:
1. The mean peak ﬂow for each of the M ensembles of size Ne
(QMe).
2. The standard deviation of peak ﬂows for each of the M
ensembles of size Ne (rQe).
3. The standard deviation of the QMe for each ensemble size
Ne (rQMe); this quantity measures how the mean peak ﬂow
varies among the M ensembles of the same size.
4. The sample standard deviation of the standard deviation of
peak ﬂows Qp,e for each ensemble size Ne (r(rQe)); this
quantity measures how the standard deviation of peak
ﬂows varies among the M ensembles of the same size.
These statistics are then used to build graphs in order to answer
to the investigations of the experiment.
4. Results
4.1. Experiment 1
The outputs of the FFC were post-processed in order to produce
graphs that synthesize the results. Since we deal with a probabilis-
tic FFC box plots are particularly useful to present the outcomes.In Fig. 3, the results obtained using the perfect forecast (where
Ne = 400; subscript 0) are shown for basins of different areas and
for different values of P12 applied to all the alert sub-regions. We
indicate with the perfect forecast the resulting ﬂood forecasts
using P12 values without the application of any percentage error.
The considered basins belong to sub-regions B and C. The wet
SM (SM = 0.7) is considered in order to reduce the non-linearity
of the runoff process and as consequence the impact on the
variability of the streamﬂow scenarios. The transformation from
rainfall to runoff through a generic inﬁltration algorithm is in fact
non-linear and characterized by a threshold effect: the runoff can
be null for a number of simulation time steps even if rainfall is lar-
ger than 0, becoming suddenly positive when the soil is sufﬁciently
saturated. This is a good representation of the actual physical
behavior of the soil. The box-plots are built after the normalization
of each peak ﬂow (Qp0) with the average of the peak ﬂows (Qp0M).
The graphs in Fig. 3 show that the variability of the ﬂow for the
ﬁrst three basins (area 10–300 km2) is quite similar, while the inte-
gration effect is a little more evident for the basin with area of
order 103 km2. As shown in Silvestro et al. (2011), the minimum
area of the basin to apply the single-site approach in the adopted
system is about 200 km2, therefore hereafter the basin correspond-
ing to the low left-hand corner of Fig. 3 is considered to show the
results in the case of the single-site approach. As shown, the med-
ian is generally different from the mean; this indicates that the
peak ﬂows are not normally distributed (Ferraris et al., 2002;
Alﬁeri et al., 2012). The upper whiskers are larger than the lower
whiskers in part because of the skewness of the distribution and
also because of the normalization effect.
The effect on larger basins is a general reduction of the variabil-
ity of the forecast. Regarding the multi-catchment approach, no
particular reasons exist for choosing a certain sub-region and not
another for the purpose of this analysis, in fact the forecast is done
with the same method and same values for all the sub-regions. In
all cases, basins ranging in area from 20 to at least 150 km2 are
present with morphologic and inﬁltration characteristics that do
not change dramatically from one site to another. Sub-region C is
only considered because it includes the test basin used for the sin-
gle site approach (see Fig. 1).
4.1.1. Single site
The box plots are shown for the three considered SM initial con-
ditions (Fig. 4) for the selected basin. For low values of P12 the var-
iability is high (the whiskers assume values 6–8 times the Qp0M),
but in general the results are not considered to be signiﬁcant
because the ﬂow values are low. With the increase of P12, the
box (interquartile) increases amplitude, this is due to the non-lin-
earity of the runoff process. For very high P12, both boxes and whis-
kers decrease, in this case the basin response tends to be linear and
the variability is due to rainfall scenarios only.
This behavior is more relevant for wet initial conditions. In fact,
for the same value of P12 both boxes and whiskers tend to be nar-
rower when the SM increases.
In order to give an idea of how the results can vary as a function
of basin area, we considered the four basins of Fig. 3 and three sig-
niﬁcant P12 values to build the plots in Fig. 5. The variability gener-
ally decreases with the increase of both drainage area and SM, but
similar to what was deduced from Fig. 3, the decreasing variability
with increased drainage area is evident in the larger basin (its area
is of the same order of magnitude of the sub-region area).
The ﬂood forecasts with the associated percentage errors were
then considered. The mean peak ﬂow of the forecast with a certain
error applied to P12 (Qperr) is compared with the one obtained by
the perfect forecast; the results are presented in terms of percent-
age errors. The three subplots of Fig. 6 have the P12 on the x-axis
and the relative error of the mean peak ﬂow on the y-axis, each line
Fig. 3. Box plots of the peak ﬂows (Qp0) normalized with the average of the peak ﬂows (Qp0M) for different basins and different values of P12 (SM = 0.7).
Fig. 4. Reference basin (364 km2). Box plots of the peak ﬂows (Qp0) normalized with the average of the peak ﬂows (Qp0M) for different values of P12 and SM. Log scale is used
on the y-axis.
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Fig. 5. Box plots of the peak ﬂows (Qp0) normalized with the average of the peak ﬂows (Qp0 M) for basins of different drainage area as a function of: (i) Pf12 values, and (ii) SM
values.
Fig. 6. Reference basin (364 km2). Relative errors of the mean peak ﬂow as a function of P12, of the percentage error on Pf12 and of the soil moisture condition SM. The error is
calculated with respect to the perfect forecast (zero % error on P12).
1058 F. Silvestro, N. Rebora / Journal of Hydrology 519 (2014) 1052–1067corresponds to a percentage error of the P12; each subplot corre-
sponds to a different initial SM condition. The great non-linear
effect of the runoff process is evident in the case of the initiallydry soil. For SM = 0.2, in general, a certain error on P12 is ampliﬁed
when the related streamﬂow prediction is considered. For exam-
ple, for P12 = 80 mm, an error of 30% on precipitation leads to an
Fig. 7. Probability of exceedance curves for sub-region C as a function of the percentage error on P12 and of the soil moisture conditions, SM. P12 = 50, 100, 150 mm are
considered.
Table 2
Peak ﬂows for ﬁxed return period of the basins belonging to sub-region C. Q are in m3/s.
Basin code Area (km2) Q 2 Q 2.9 Q 5 Q 10 Q 20 Q 30 Q 50 Q 100 Q 200
1 315 279 349 452 624 859 1013 1212 1484 1753
2 202 200 250 324 447 616 726 868 1063 1256
3 26 59 74 96 133 183 216 258 316 373
4 342 337 421 546 754 1037 1222 1463 1791 2116
5 43 98 123 159 220 302 356 426 522 617
6 297 461 577 747 1031 1418 1673 2002 2451 2895
7 25 58 73 94 130 179 211 253 310 366
8 165 209 261 338 467 643 758 906 1110 1311
9 153 162 202 262 361 497 586 702 859 1015
10 203 245 307 397 548 754 889 1064 1303 1539
11 549 481 601 778 1075 1479 1743 2086 2555 3018
12 56 116 145 188 260 358 430 510 630 740
13 25 64 80 104 144 198 233 279 342 404
14 129 254 317 411 567 781 995 1190 1458 1722
15 102 226 283 367 506 696 821 982 1203 1421
16 78 98 123 159 219 302 355 425 521 615
Test basin 364 543 679 879 1214 1670 1968 2356 2885 3408
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effect decreases when SM increases, and for SM = 0.7 the basin
behaves almost in a linear way: a certain error on precipitation
propagates with a reduced ampliﬁcation of streamﬂow values.4.1.2. Multi-catchment
The effects of the uncertainty of P12 in the case of the multi-
catchment approach were then considered. So the question is,
how does the probability curve of a certain homogeneous region
Fig. 8. Reference basin (364 km2). Value of the mean peak ﬂow for ﬁxed values of P12 (20, 50, 100 mm) as a function of P3 and of the soil moisture conditions, SM.
Fig. 9. Reference basin (364 km2). P12 = 20, 50, 100 mm are considered. Box plots of the peak ﬂows (Qp0) normalized with the average of the peak ﬂows (Qp0M) for different
values of P3 and different values of SM. Log scale is used on y-axis.
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Fig. 10. Box plots of the peak ﬂows (Qp0) normalized with the average of the peak ﬂows (Qp0M) as a function of basin area for different values of P3 and different values of SM.
P12 = 20 mm. Log scale is used on y-axis.
Fig. 11. Same as ﬁgure 10 with P12 = 50 mm.
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answer this question, three signiﬁcant P12 values were considered
and the probability curves were then built.
Fig. 7 reports the curves for the considered P12 errors and for the
three values of SM. A sub-set of signiﬁcant P12 values has been
individuated. Err + 0 indicates the perfect forecast while the othersymbols refer to the forecast with a certain error applied to P12. On
the x-axis the return period is reported, while the y-axis reports the
probability that in at least one basin of the homogeneous region
the return period T is exceeded. In the Liguria Region, a frequency
analysis of the peak discharges based on a regional approach is
available (Boni, 1999; Boni et al., 2007). This kind of approach
1062 F. Silvestro, N. Rebora / Journal of Hydrology 519 (2014) 1052–1067allows peak ﬂows for ﬁxed return periods (even for high return
periods) to be estimated for each basin of the region based on basin
characteristics (i.e. drainage area) and on a regional growth curve.
In Table 2, the peak ﬂows for ﬁxed return periods are reported for
the basins belonging to alert sub-region C.
As expected, for a ﬁxed P12 and a ﬁxed error on P12 (Err on Fig. 7),
the probability for a ﬁxed T increaseswith the increasing of SM. This
is more evident in the cases where P12 = 50 mm and P12 = 100 mm.
The errors in P12 are reﬂected on the probability curves, and in
many cases the multi-catchment approach leads to the ampliﬁca-
tion of the errors from precipitation to ﬂood forecast; as an example
for P12 = 150 mm, T = 50 yrs, SM = 0.5, we have P(%) = 0.5 for the
perfect forecast while P(%) about 0.2 and 0.9 for errors of ±30 %
on P12 respectively. This is due to the way the curves are built. Not-
withstanding, there is an interesting consideration. Consider, for
example, the case of P12 = 100 mm and T = 10 yrs, it is evident that
the curves are quite different depending on the applied error; this is
especially true for errors of the order of 20–30%. However, even for
a signiﬁcant underestimation of P12, the probability does not drop
to 0. This is essential regarding the importance of using the multi-
catchment approach when small-basins are considered: the peak
ﬂow with T = 10 yrs is not reached in many basins when single-site
forecast is considered, but it can occur somewhere in the region.
To summarize the results we can state that: (i) the probability of
exceedance of a ﬁxed T increaseswith both the increasing of P12 val-
ues and SM values that means wetter initial condition, (ii) the anal-
ysis evidences an ampliﬁcation of the errors on P12 for all the SM
conditions; the multi-catchment procedure counteracts the
decrease of variability with increasing values of SM evidenced in
the case of single-site approach, (iii) the multi-catchment approach
allows to moderate the underestimation of the ﬂood forecast at
sub-region scale even when relevant errors are applied to P12.
4.2. Experiment 2
In this section, the impact of P3 combined with P12 and SM is
analyzed. Again, ﬁgures will be used to present the results.Fig. 12. Same as ﬁgure 10For simplicity we considered three values of P12: 20, 50, and
100 mm. The chosen P12 values are representative of low, medium
and high amounts of precipitation and based on the experience of
the authors and of the personnel of the FFC and on historical events.
4.2.1. Single site
Fig. 8 reports three subplots, one for each of the three P12 values
considered. For each set of P12, P3 and SM, the ﬂood forecast using
Ne = 400 was done. The x-axis reports the value of P3, while the
y-axis reports the value of the corresponding mean peak ﬂow. An
increase of the P3 corresponds to an increase of peak ﬂow for the
same P12. In the case of P12 = 20 mm, there is a decrease for
P3 > 80 mm because the P3 and P12 values are not consistent any-
more (total volume of precipitation related to P3 is greater than
total volume related to P12).
In the case of P12 = 100 mm, the increase is less evident, we
should therefore consider P3 values larger than 100 mm that are
quite rare, even though physically possible in this region
(Silvestro et al., 2012; Rebora et al., 2013).
An increase of SM causes a general increase of Qp for ﬁxed P12
and P3 values. The graph shows evidence that the difference can
be very large (100–300%) when changing the SM from 0.2 to 0.7,
thus conﬁrming the great impact of the initial soil moisture condi-
tions on the ﬂood forecast.
The graph also shows that even in the case of a good P12 fore-
cast, a wrong evaluation of the type of event regarding the small
spatial and temporal scales (i.e. P3) can lead to a bad ﬂood forecast,
with underestimation (or overestimation) of the peak ﬂows.
Fig. 9 reports the box plot of the peak ﬂows of each ensemble
normalized with the mean peak ﬂow of the ensemble itself. This
helps to evaluate the variability of the forecast in the different
cases. In this case, the logarithmic scale is utilized for the y-axis.
Generally, the variability increases with an increase in the value
of P3 and decreases for wetter SM conditions. When the soil is dry
(SM = 0.2) the trend is more complex (see subplots for SM = 0.2 in
Fig. 9), with high variability for low values of P3; the box initially
decreases until P3 reaches a certain value and then it starts towith P12 = 100 mm.
Fig. 13. Probability of exceedance curves for sub-region C as a function of P12 of P3 and of the soil moisture conditions, SM.
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low values of the peak ﬂows which has high variability depending
on the spatial distribution of the rainfall scenarios (the same
amount of rainfall on different types of soil could result in signiﬁ-
cantly different runoff). After certain values of P3 are reached, the
downscaling procedure generates very concentrated and intense
events with possibly larger peak ﬂows that lead again to an aug-
mentation of the variability. In the case of S = 0.7, the variability
increases for increasing values of P3, this is more evident in the
cases where P12 = 50 mm and P12 = 100 mm.
Similar to what was done in Experiment 1, we considered some
signiﬁcant values of P12 and P3 in order to show what happens in
basins with different drainage areas (Figs. 10–12). Again, the loga-
rithmic scale is considered for the y-axis. We can summarize the
behavior with the following three main points: (i) variability
increases when the ratio between P3 and P12 increases; (ii)
variability decreases with the increasing of the basin area; (iii)
variability decreases for wetter initial conditions, that is, when SM
increases.
4.2.2. Multi-catchment
Interesting results are obtained by changing the P3 values for
the same value of P12. The results are summarized in the multi-plotof Fig. 13. For ﬁxed values of P12 and SM, the exceedance probabil-
ity curves corresponding to different P3 values are plotted on the
same graph. From the graph, it is clear that the exceedance proba-
bility increases with the increasing of P3, this again provides evi-
dence that furnishing a good forecast of the total volume of
precipitation on the sub-region (P12) is not enough to obtain a reli-
able ﬂood forecast. The characterization of the event type, so a
good prediction of P3 value, is crucial.
Even in this case, as for experiment 1, for ﬁxed values of P12 and
ﬁxed P3, the probability for a ﬁxed T increases with the increasing
of SM. This is more evident for the cases where P12 = 50 mm and
P12 = 100 mm.
In the case where P12 = 20 mm, P(T) = 0 in some cases. This
occurs for two reasons: (i) in some cases, the forecasted stream-
ﬂow is low for all the ensemble members, this occurs for low P3
values; (ii) in other cases, the condition of Eq. (1) is not satisﬁed
(P3 = 100 mm).
To summarize the results we can state that: (i) as in the case of
experiment 1 the probability of exceedance of a ﬁxed T increases
for increasing values of P12 and SM, (ii) the probability of exceed-
ance of a ﬁxed T increases for increasing values of the ratio
P3/ P12, (iii) P3 results to be a crucial element that can dramatically
change the results even in the case of a P12 good prediction.
Fig. 14. Reference basin (364 km2). Trend of rQMe and r(rQe) as a function of the ensemble size, Ne.
1064 F. Silvestro, N. Rebora / Journal of Hydrology 519 (2014) 1052–10674.3. Experiment 3
As introduced in Section 3.3, the P12 and P3 values to carry out
this experiment have been chosen based on the results of
Experiment 2. In particular, analyzing Figs. 8 and 9, one can deduce
that a P12 = 50 mm with P3 in the range 70–90 mm, can produce
sufﬁciently high peak ﬂow values (Fig. 8) with a high variability
(Fig 9); therefore, P3 = 90 mm was chosen as the ﬁnal value for this
Experiment.
4.3.1. Single site
To show the impact of the ensemble size Ne on a single site fore-
cast, the graphs in Fig. 14 were created. They have Ne on the x-axis
while on the y-axis they have: (i) the standard deviation of the
mean peak ﬂows of the M forecast realizations for each ensemble
size Ne (rQMe); (ii) the sample standard deviation of the standard
deviation of the peak ﬂows of the M forecast realizations for each
ensemble size Ne (r(rQe)).
These two statistics, as expected, decrease with the increase of
Ne, in fact, we tend to simulate the rainfall scenarios of ‘‘all the pos-
sible worlds’’ with the downscaling procedure in each one of theM
realizations of the forecast. As a consequence, when Ne assumes
high values, the rQMe and r(rQe) for sizes Ne, Ne  1, Ne + 1,. . .etc.
do not change signiﬁcantly. This means that the results of the ﬂood
forecast are statistically the same. Theoretically, the best approach
is using Ne as large as possible, but the three subplots show that for
Ne values between 50 and 100 the derivative of the graphs drops to
0. This means that in an operational context the aforementioned
range is sufﬁcient to represent the variability of the forecast and to
reduce to a negligible level the impact of the ensemble size on the
ﬁnal results. In summarizing the results, we could state that forNe > Net (with Net ﬃ 50100) the ensemble size negligibly affects
the results.
Both rQMe and r(rQe) increase with SM for ﬁxed values of
Ne, but no signiﬁcant inﬂuence of the SM initial conditions on the
Net value seems to arise; it is, in fact, similar for all the considered
SM values.
4.3.2. Multi-catchment
Interesting conclusions can be made regarding the impact of Ne
on multi-catchment forecasts. It is not easy to visualize the results,
but we attempted this with the help of several sub-plots (See
Fig. 15). Each column represents a return period T, and has a sub-
plot for every SM condition; each subplot has Ne on the x-axis and
the box plot of probability of exceedance, P of the ﬂow with return
period T on the y-axis; in fact, each of theM realizations of the fore-
cast of ensemble size Ne can produce a different P, it is therefore
possible to build a box plot graph.
The ﬁgures are created for some representative return periods
(T = 2, 20, 50 yrs). Looking at the case where T = 2 yrs, it is again
clear that boxes (interquartiles) and whiskers have reduced ampli-
tudes when Ne increases. The P for ﬁxed T and ﬁxed Ne increases
when SM conditions become wetter. Consider the case where
T = 2 yrs and SM = 0.7, there is always the certainty that T would
be exceeded and therefore, the box-plot would not be necessary.
The variability is larger for dry SM conditions and smaller for
wet SM conditions.
This behavior changes when higher T values are considered, for
example, when T = 20 yrs the variability increases from dry to wet
conditions. For SM = 0.2, the considered pair of P12, and P3 causes
the exceedance of T = 20 yrs for a reduced number of ensemble
members; this happens for each of the M realizations. When SM
Fig. 15. T = 2, 20, 50 years; box plots of the probability of exceedance for sub-region C as a function of the ensemble size, Ne and the soil moisture condition, SM.
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exceedance of the considered T and the variability becomes higher.
This is an interesting effect that is not totally intuitive, in fact,
depending on the P12 and P3 values, the uncertainty in the results
of the multi-catchment approach increases from dry to wet SM
conditions. Considering subplots for T = 20 yrs and T = 50 yrs, one
can deduce that it would be necessary to increase the ensemble
members Ne for SM = 0.7 in order to produce boxes that have the
same dimensions as in the case of SM = 0.2 (i.e. the same degree
of variability).
The main ﬁndings for the multi-catchment approach are the fol-
lowing: (i) the probability of exceedance P for ﬁxed T and ﬁxed Ne
increases when SM increases, (ii) the variability of P between theM
realizations of the ﬂood forecast decreases when Ne increases, as a
consequence the M realizations are statistically indistinguishable
for large Ne, (iii) the behavior of the variability of P with SM is
not always easy to be interpreted: depending on the considered
T it can increase or decrease when SM increases.
In the case of the multi-catchment analysis, we suggest that the
minimum ensemble size Net be set to a value of at least 100.5. Discussion and conclusions
The presented work aims at analyzing the propagations of the
errors of an ‘‘Expert Quantitative Precipitation Forecast’’ on a prob-
abilistic streamﬂow forecast. This ‘‘expert’’ forecast is mainly
made-up of two quantities: a value that represents the total
rainfall on predeﬁned regions and temporal window (P12) and avalue that accounts for the rainfall intensities at small spatial
and temporal scales (P3). Precipitation uncertainties were
combined with varying soil moisture initial conditions (SM).
The analysis was carried out considering the effects on a prob-
abilistic forecast system operationally used at the Hydro-Meteoro-
logical Functional Centre of Liguria Region on both single-site (i.e.
forecast on single basin) and multi-catchment (i.e. forecast on
homogeneous regions) conﬁgurations. A wide range of EQPFs were
synthetically generated and used as the input for a probabilistic
ﬂood forecasting system conceived for small and medium-sized
basins made by a precipitation downscaling module and a semi-
distributed hydrological model. Different initial soil moisture con-
ditions were also considered as well as the impact of the ensemble
size on the ﬁnal ﬂood forecast.
The experiments provided evidence that uncertainties related
to the EQPFs combine with the non-linearity of the runoff process
giving, in some cases, unexpected occurrences or results that are
not immediately intuitive.
Errors on EQPFs are generally ampliﬁed in the case of dry SM
conditions and ‘‘explosive’’ rainfall events with high convective
characteristics tend to produce high variability in the ﬂood fore-
casts. The non-linearity of the runoff process plays a fundamental
role, especially when the rainfall events are severe, but not disas-
trous or very rare; in these cases, the rainfall amounts and intensi-
ties are large enough to generate critical streamﬂow values, but the
latter are strongly inﬂuenced by the initial soil moisture conditions
that can considerably change the ﬁnal runoff amounts.
The results show that it is not simple to give a weight to the
analyzed variables of the chain in order to individuate the major
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at the alert sub-region scale (P12) plays a fundamental role because
it ﬁxes the total amount of precipitation volume, the soil moisture
state and the type of the event synthesized by P3 can inﬂuence in a
substantial way the forecast. Looking at Fig. 8, it can be easily
shown that, for example, for P12 = 50 mm and P3 = 70 mm, the error
on peak ﬂow can be of the order of 200–400%, if SM are not cor-
rectly evaluated. On the other hand, for ﬁxed P12 = 50 and SM,
the peak ﬂow can change by 2–4 times depending on the P3 value.
This, in such a way, formally conﬁrms what was experienced in the
operational use of the chain, that is, the fact that it is not easy to
immediately identify the major sources of errors. Depending on
the state of the soil and the type of event, one of the considered
variables can assume a key role in order to perform a good or poor
ﬂood forecast.
In addition, the effects of the ensemble size, Ne on the ﬂood
forecast were considered. It is, in fact, not possible to consider all
the possible ‘‘worlds’’ in operational applications of a probabilistic
ﬂood forecasting system, but Ne must be accurately set because as
it was shown, it can inﬂuence the results. The experiments showed
that after a certain value of Ne (that we named Net), an increment in
Ne has a negligible impact on the ﬁnal results and does not intro-
duce additional information about the variability of the forecasted
streamﬂow values. The analysis showed that in the study area
under consideration and for the considered forecast system, Net
assumes values ranging from 50 to 100.
Particularly interesting are the effects of the afore-mentioned
combination of rainfall amount/intensity, SM initial condition
and ensemble size on the results of the multi-catchment approach.
The variability of the probability (P) of exceeding a certain return
period, T on a considered region (for a ﬁxed pair of values of P3
and P12) increases or decreases with SM conditions depending on
what return period, T is considered.
The error model adopted in the presented analysis (uniformly
distributed) is simple, this because the real distribution is
unknown and it is due to very different uncertainty sources:
NWPM errors, human subjective evaluation of the occurring
event, different evaluation of the various NWPM reliability made
by each forecaster. Because of these considerations the presented
work could be even considered as a sensitivity analysis of the
FFC in respect to P3, P12 and SM. In particular the forecaster
contribution to the prediction error is difﬁcult to model because
of its subjectivity. To make a rigorous analysis we should have
the predictions of all possible events made by all forecasters
available, but this is hard to be obtained and out of the scope
of the work.
Of course it is possible that the choice of a different model error
would lead to different results, for example differentiating the
probability that the results due to a certain error occurs (in the
study we assumed that an error of 5% or 30% on P3 or P12, as an
example, has the same probability of occurrence). Anyway it is
opinion of the authors that, at the state of the art, the assumption
of more sophisticated error models is difﬁcult to justify and these
models would be not easy to parameterize.
The proposed analysis is tailored for probabilistic ﬂood forecast-
ing chains based on EQPF (Precipitation forecast on predeﬁned
areas and predeﬁned time windows) and it is applicable on other
systems that have such characteristic with slight modiﬁcations,
anyway it could be adapted for being applied on a generic probabi-
listic/ensemble ﬂood prediction system. The application of errors
on precipitation forecast could be done even on rainfall ﬁelds
derived by a NWPS, while the soil moisture initial condition is a
parameter common to a wide number of hydrological models used
in FFCs. Finally the analysis on the effects of the ensemble size can
be carried out to a generic probabilistic/ensemble ﬂood forecast
system that uses a rainfall downscaling model.As a ﬁnal consideration, we conclude that forecasters must
always exercise caution when interpreting the ﬂood forecast sys-
tem results; their variability is not constant, but depends on vari-
ous factors such as the type and characteristics of the event and
the soil moisture initial condition. The inﬂuence of the ensemble
size on the results cannot be (totally) neglected, but setting it
within a reasonable range can substantially reduce its impacts on
the ﬁnal forecast.
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